Abstract. In this study, the effects of non-uniform flow due to: (i) inflow from tributaries and (ii) the presence of a downstream control structure (such as a weir or a barrage), on the optimal waste load allocation decision and the resulting cost-equity trade-off relationships, have been investigated. These effects are illustrated with in the framework of a typical cost-equity multi-objective optimization model for optimal waste load allocation in rivers. This framework consists of an embedded river water quality simulator with gradually varied flow and transport (BOD-DO) modules and a costequity multi-objective optimization model. A multi-objective evolutionary algorithm known as Nondominated Sorting Genetic Algorithm-II is used for solving the optimization problem. The optimal fraction removal levels, the treatment cost and the system inequity measure are under predicted in certain reaches of the river, if the uniform flow assumption is made, while actually non-uniform flow conditions exist. This effect is quite pronounced when the flow non-uniformity results from a downstream control structure such as a weir.
Introduction
Water quality protection along rivers involves maintaining acceptable level of water quality by means of monitoring, assessment, establishing quality goals, and controlling pollutant discharges. In this context, the "optimal waste load allocation" problem is defined as the determination of the pollutant removal levels at a number of point and non-point source locations along the river (that would yield a satisfactory water quality response) such that it is cost-effective, equitable and efficient (Burn, 1987; Burn and Yulianti, 2001) .
The assimilative capacity of the receiving water body affects the optimal treatment levels for a given set of pollutant sources. Therefore, a simulation model for the prediction of the steady-state water quality response, for various possible combinations of waste loadings, is required to find the optimal waste load allocation strategy. Typically, the water quality response is quantified in terms of the Dissolved Oxygen (DO) content at specified receptor locations along the river. Streeter-Phelps (Streeter and Phelps, 1925) model is probably one of the most commonly used water quality simulation models in waste load allocation studies (Burn and McBean, 1985; Burn, 1989; Sasikumar and Mujumdar, 2000; Vasquez et al., 2000; Mujumdar and Sasikumar, 2002) . Camp (1963) and Dobbins (1964) proposed modifications to the Streeter-Phelps (S-P) model to include sedimentation or scour rate, algal and benthic oxygen demands, and a non-point source input rate. The S-P model with Camp-Dobbins extensions has also been used by a number of researchers (Ellis, 1987; Fujiwara et al., 1988; Takyi and Lence, 1999) in water quality management models. One of the main advantages of using the S-P model in water quality management studies is that it is possible to use the Linear Programming technique to solve the optimization problem. However, the S-P model does not consider two significant effects: (i) varying nature of flows, and (ii) dispersive transport.
Enhanced Stream Water Quality Model (QUAL2E) (Brown and Barnwell, 1987 ) is a comprehensive and versatile stream water quality model which has been used as the water-quality simulation model (simulation engine) in the recent water quality management models developed by Carmichael and Strzepek (2000) , Gabriel et al. (2000) , Burn and Yulianti (2001) , Dai and Labadie (2001) , Maier et al. (2001) , and Mujumdar and Vemula (2004) . It is a one-dimensional, advection-dispersionreaction model which is capable of simulating the transport of up to 15 water quality constituents such as DO, Biochemical Oxygen Demand (BOD), temperature, algae, and conservative constituents. Both nitrogen and phosphorous cycles are also considered in the formulation of this model. This model accounts for dispersive transport, unlike the S-P model, and seems to predict the BOD-DO response reasonably well in case of long uninterrupted river reaches. However, it is to be noted that this model assumes the river flows to be steady and quasi-uniform.
Both the S-P and the QUAL2E simulation models that are commonly used in water quality management studies have a major limitation in not being able to simulate the non-uniform flow conditions that exist in rivers. This in effect, may result in inaccurate simulations of the transport of water quality constituents in situations where non-uniform flow conditions occur due to the inflow from tributaries into the main river or the presence of a downstream control structure like weir or barrage. This may modify the DO profiles in the non-uniform flow region and possibly alter the consequent optimal waste load allocation (WLA) decisions. This necessitates the consideration of gradually varied flows in the flow part of the water quality simulation model, and the flow characteristics thus obtained should be appropriately included in the advection-dispersion-reaction equations. The WASP model (Robert et al., 1988) can be used for this purpose. However, waste load allocation models using the WASP simulator are not common because of high computational overheads. To the authors' knowledge, only Cardwell and Ellis (1993) used the WASP simulator (Robert et al., 1988) in their waste load allocation model. They used the S-P, the QUAL2E and the WASP4 models for the simulation of DO transport in their water quality management model to bring out the effect of model uncertainty. However, they have not carried out an exhaustive study on the effect of non-uniform flow on optimal waste load allocation in rivers.
In this work, the effect of non-uniform flow on the optimal waste load allocation decisions in rivers is investigated within the framework of a cost-equity based multi-objective model. This investigation is carried out for the following two cases of non-uniform flow: (i) inflow from the tributaries to the main river and (ii) the presence of a downstream control structure (such as a weir or a barrage), in addition to the tributary inflows. Such a study will be useful in determining the modifications required in the existing waste load allocation strategy of a river system, while planning for the construction of weirs or dams for regulatory or storage purposes. In other words, while deciding on the height of such a structure, it is imperative to recognize the consequent drop in the DO profile and the overall health of the water body in the upstream reach of the structure and accordingly increase the levels of treatment efforts at the various point sources.
The proposed framework uses a water quality simulation model that considers steady, non-uniform flows, and includes complete transport equations for BOD and DO. The recently developed Non-dominated Sorting Genetic Algorithm-II (NSGA-II) (Deb et al. 2000 (Deb et al. , 2002 is used for solving the multi-objective optimization model to obtain a good spread of Pareto-optimal solutions. From the cost-equity tradeoff surfaces generated, the decision maker can select the appropriate treatment strategy for the river system under consideration.
Water Quality Management Model Formulation
Equity is often an important issue in waste load allocation problems and refers to the fairness in the distribution of treatment effort and the associated cost among the pollutant loaders. Solutions to the cost objective management model formulation may lead to inequity among the different loaders on a single stream, with one or a few loaders bearing most of the cost of water quality improvements. Therefore, there is a need to address the issue of inequity among the various pollutant loaders. The inclusion of equity objective in a cost optimization model can aid the overall planning process, and lead to better and fairer decisions. Brill et al. (1976 Brill et al. ( , 1984 addressed the above issue in their model formulation for evaluating water quality impacts of transferable discharge permit (TOP) systems. Recently, the above formulation of Brill et al., (1976) has been employed by Srigiriraju (2000) in the water quality management study of Delaware estuary. Hathhorn and Tung (1989) have also addressed the issue of equity in their waste load allocation models.
Recently, Burn and Yulianti (2001) have formulated a multi-objective waste load allocation model that considers cost minimization and inequity minimization as the two objectives and the water-quality standards to be met at the checkpoint locations as constraints. As mentioned elsewhere, their model uses the QUAL2E as the simulator, which does not consider the non-uniform flow effects rigorously. In this study, the effect of non-uniform flow on optimal waste load allocation decisions in rivers is illustrated with in the frame work of the above cost-equity formulation of Burn and Yulianti (2001) .
The model formulation is as follows:
subject to x i ∈ xs i ∀i (3)
where c i (x i ) = cost of the waste treatment at source i; x i = waste removal fraction at source i; NS = total number of point source locations; i; xs i , = set of all waste treatment options for source i; x = average waste removal level for the collection of NS number of point sources; W i = waste input for source i;W = average waste input over NS number of point sources; O j = dissolved oxygen concentration at checkpoint location j; O std = specified dissolved oxygen standard for the river; f (.) in Equation (4) defines the water quality as a function of the waste inputs and stream conditions; x = vector of waste removal levels; W = vector of waste inputs to the point sources; Q = vector of flow rates for main stream and tributaries within the river system; T = water temperature; and K = vector of reaction rate coefficients describing the pollutant transport process. Equations (1) and (2) represent the two objectives: (i) minimization of the total cost of waste treatment, and (ii) minimization of the inequity measure among the waste dischargers, respectively. This model provides solutions that satisfy the water quality standards at all checkpoints and yields the trade-off between total treatment cost and equity that would aid the decision maker.
FRAMEWORK FOR MULTI-OBJECTIVE OPTIMIZATION Figure 1 shows the proposed optimal waste load allocation model framework. It consists of the multi-objective optimization model, with the water quality simulation model embedded into it. The "Fast Elitist Non-Dominated Sorting Genetic Algorithm-II (NSGA-II)" of Deb et al. (2000) is employed to solve the multiobjective optimization problem and generate the optimal trade-offs among the objectives. The NSGA-II module generates several alternative waste load allocation solutions and sends each of them to the water quality simulator (Figure 1 ), which in turn determines the DO responses at all the checkpoint locations, and evaluates Read the cost data for all the waste dischargers, population size (N), chromosome length, number of generations (G), lower and upper limits of removal levels, probability of crossover, probability of mutation and random seed Figure 1 . Optimal waste load allocation model framework.
them against the DO standard specified. The waste load allocation solutions are then sent to NSGA-II module for fitness function evaluation, and sorting according to the fast non-dominated approach to identify different levels of non-dominated fronts. Subsequently new populations are created using the tournament selection operator and the crowded comparison operator. This process is repeated until the specified stopping criterion is achieved and the final set of non-dominated solutions is stored in an output file.
It may be noted here that in contrast to the classical optimization techniques, multi-objective evolutionary algorithms (MOEAs) are suitable for multi-objective optimization due to their ability to handle complex problems, involving features such as discontinuities, multi-modality, disjoint feasible spaces and noisy function evaluations (Fonseca and Fleming, 1995) . The MOEAs capture multiple Paretooptimal solutions from the population in a single run, and are also algorithmically efficient (Deb et al., 2003) . In this study, the NSGA-II algorithm developed by Deb et al. (2000) is used for solving the optimization problem. The NSGA-II algorithm overcomes the following drawbacks of the earlier non-dominated sorting based MOEAs: (i) high computational complexity of non-dominated sorting, (ii) lack of elitism and (iii) the need for specifying a sharing parameter. Details of this algorithm are available elsewhere (Deb et al., 2000) , and are not repeated here, for the sake of brevity.
Water Quality Simulation Model
The water quality simulation model is used to determine the temporal and spatial river response in terms of BOD and DO concentrations, for specified inflow, control depth, channel characteristics, and waste loading. This water quality simulation model consists of two sub-modules: (i) flow module and (ii) transport module.
Flow Module: In this module, the classical standard step method (Chaudhry, 1993) is used to solve the Gradually Varied Flow (GVF) equation to determine the water surface profile, flow cross-sectional area and mean velocity at various nodes in the river domain, given: (i) the flow rates in the main river and the tributaries, (ii) the bed profile of the river, (iii) the geometric characteristics of the river cross sections, (iv) the Manning's roughness coefficient, and (v) the control depth at the downstream end.
Transport Module: The transport module uses the flow area and mean velocity obtained from the flow module while solving the BOD and the DO transport equations (Dresnack and Dobbins, 1968) :
where, A = flow cross sectional area (m 2 ), U = cross-sectional average velocity (m/s), x = distance along the river (m), t = time (s), S B/O = point source for BOD/DO loading (mg/s), B = Biochemical oxygen demand (BOD) concentration
In Equations (6) and (7), the spatial variation of the dispersion coefficient, D and the re-aeration coefficient, K R are determined using the Seo and Cheong (1998) (Equation (8)), and the O'Connor and Dobbins (1968) (Equation (9)), respectively.
where h = depth (m), W = width (m), and U * = shear velocity (m/s). The inputs for the transport simulation module are: (i) initial variation (at t = 0) of BOD and DO along the stream; (ii) time variation of BOD and DO at the upstream end (x = 0); (iii) reaction rates K B , K D and K R ; (iv) point and non-point source loading, S B , S O , L B and R D ; and (v) the spatial variation of flow velocity, U and flow area, A, and (vi) channel geometric characteristics. For the above input, Equations (6) and (7) are numerically solved to obtain the temporal and the spatial variations of BOD and DO in the river. The purpose here is not to develop a new numerical solver for pollutant transport in streams, but adapt an already suggested scheme, which gives reasonably accurate results and is numerically stable, as an engine in the multiobjective optimization framework. From this perspective, a standard partial implicit finite-difference method, with spatial derivative terms approximated by backward finite differences, is used for numerically solving the transport equations (Cunge et al., 1980; Hoffmann, 1993) . Backward finite-differences are used for spatial derivatives in order to introduce upwinding so that highly advective conditions can also be simulated without numerical oscillations (Verma et al., 2000) . Partial implicit method is used so that the method is numerically stable (Hoffmann, 1993) .
VALIDATION OF THE SIMULATION MODEL
The water quality simulation model is used as a sub-module within the cost-equity optimization model, to determine the stream water quality response for the given loading and flow conditions. The simulation model is validated for the transport of (i) a conservative pollutant, and (ii) a non-conservative pollutant i.e. BOD and DO transport, in a single reach of the channel. The former checks the validity of the numerical solution of the advection-dispersion part of the governing equations, while the latter checks the validity of the solution of the complete governing equations, including the reactive part. The effect of flow non-uniformity on the transport of the pollutant is considered in the validation tests for the conservative pollutant. Nordin and Sabol's (1974) field data, as given in Ahmad et al. (1999) for the transport of a conservative pollutant under steady non-uniform flow conditions, is considered in the present validation test. The input flow and numerical data used in the model run are presented in Table I . The dispersion coefficient is estimated using Elder's (1959) formula. Data for measured dispersion coefficient as given in Table I is used to estimate the empirical parameters in the Elder's equation. The variation of contaminant concentration with time at x = 12.61 km, and at x = 40.49 km are presented in Figure 2 . Figure 2 shows the concentration values obtained in the field (Nordin and Sabol, 1974) , and numerically simulated by the present model. The measured input concentration versus time at the upstream end, which is specified as the boundary condition in the numerical model, is also shown in this figure. It can be seen from Figure 2 that the simulation model satisfactorily predicts the transport of the conservative pollutant under non-uniform flow conditions. The maximum error in the simulated value of the peak concentration is only 6%. Table I . Input data for Case-1 of validation (Ahmad et al., 1999) 1 
Case-1: Transport of Conservative Pollutant

Case-2: Transport of Non-conservative Pollutant
Analytical solutions given by Adrian and Alshawabkeh (1997) for the transport of BOD and DO in uniform flow streams are used for validating the numerical model for the case "transport of non-conservative pollutant". These analytical solutions correspond to the time variant sinusoidal loading at the upstream end for the data as given in Dresnack and Dobbins (1968) . This particular example is chosen here because it has been often used as a benchmark problem in the past (Adrian and Alshawabkeh, 1997; Onyejekwe and Tools, 2001) . In this case, the temporal variations of BOD and DO at the upstream end are specified, and temporal and spatial variation of BOD and DO along the channel are predicted using the adapted transport model.
The input for the steady uniform flow conditions and the numerical data for the model run are presented in Table II (Adrian and Alshawabkeh, 1997) . The boundary conditions, initial conditions, and the effluent characteristics are as follows: B (0, t) = 37 + 13 cos (2πt) mg/l (t = 0 at noon and it is in days); D (0, t) = 8.5 + 3.5 cos (2π t) mg/l; B (x, 0) = DO (x, 0) = 0; K D = 0.25/day, K B = 0.5/day, K R = 2.0/day, and O SAT = 9.5 mg/l, L B = 5.0 mg/l/day, R D = 0. The variation of DO with Table II . Input data for Case-2 of validation (Dresnack and Dobbins, 1968) Physical and uniform flow data 
Example River System for Illustration
In this study, the proposed cost-equity optimal waste load allocation model is used to demonstrate the effect of non-uniform flow conditions on optimal waste load allocation decisions. This effect is illustrated through an example application to a hypothetical multiple reach river system shown in Figure 5 . The hypothetical river system considers four waste discharge sites (D 1 , D 2 , D 3 and D 4 ) and two tributaries (T 1 and T 2 ). Tables III, IV and V present the hydraulic particulars, source load data, and the locations of 15 check points considered in the study, respectively. The wastewater treatment plant cost data (in Indian Rupees; 1 Rupee = US$ 0.022) for the average influent flow rate, for different point sources, is given in Table VI . The de-oxygenation coefficient (K D ) value is equal to 0.2/day. In the application of the NSGA-II, each decision variable in a chromosome has 64 (between 98 and 35% treatment level) possible values and the total chromosome length for any decision vector of pollutant removal levels is 36 bits. In this study, a population size of 40 is decided after making a few trials within the range mentioned and this provided sufficient sampling of the decision space, while limiting the computational burden. Tournament selection procedure is used for creating one or more off-springs from a pair of individuals. The probability of crossover p c , and the probability of mutation, p m are 0.75 and 0.015, respectively. These have been chosen based on guide lines given by Goldberg (1989) , and several sensitivity analysis runs performed by the authors. Also, it is observed from sensitivity analysis runs (Murty, 2003) that the Paretooptimal fronts do not differ significantly after 100 generations. Therefore, it is decided to adopt 100 generations as the stopping criterion for all the optimization runs.
Results and Discussion
The results of the investigation are presented and discussed for three pre-specified DO standards at all checkpoints. Investigations of the effect of non-uniform flow on the optimal waste load allocation for two cases are presented. In the first case, the non-uniform flow occurs due to the inflows from the tributaries into the main river. In the second case, the non-uniform flow occurs due to the presence of a downstream control structure (such as a weir) as well as the tributary inflows. The results are discussed in terms of the change in the optimal removal fraction levels at the point sources and the corresponding cost-equity tradeoff relations.
EFFECT OF NON-UNIFORMITY DUE TO TRIBUTARY INFLOWS
To understand the effects of flow non-uniformity, arising due to the inflows from the tributaries T 1 and T 2 into the main river ( Figure 5 ), on the cost-equity trade-off relationship and the resulting optimal waste load allocation decisions, two runs are made for the hypothetical river system using the framework developed. The first one assumes uniform flow (UF) conditions to occur in each channel reach, and the second one considers the gradually varied flow (GVF) conditions in the river system. This exercise is repeated for three different DO standards (6.0, 6.5 and 7.0 mg/l) pre-specified at all the checkpoints in the river system. The Pareto-optimal fronts that describe the cost-equity trade-offs obtained for two pre-specified DO standards of 6.0 and 7.0 mg/l, are presented in Figures 6  and 7 , respectively. In each of these figures, one trade-off curve corresponds to UF conditions and the other corresponds to GVF conditions. It is observed from Figures 6 and 7 that in general, the Pareto-optimal front for GVF condition results in higher treatment cost for a given inequity level compared with that of UF condition. This is more pronounced when the pre-specified DO level is higher, as can be seen from Figure 7 .
The solution points corresponding to the Least Cost Solution (LCS), Least Inequity Solution (LIES), and the Selected Compromise Solution (SCS), for the three pre-specified DO standards, are summarized in Table VII . The corresponding vectors of optimal fraction removal levels are also presented in this table. It may be noted from Table VII that there is a small increase in the optimal removal fraction levels for the GVF condition compared to the UF condition, resulting in small differences in the treatment cost and the inequity measure. This incremental treatment effort at one or more sources is required in case of GVF in order to maintain the specified DO standard at the most critical checkpoint location (checkpoint 12, located at 56 km-Refer Figure 5 ). This is primarily because of the inflow from the second tributary, T 2 , located at chainage 55 km. This tributary inflow causes an increase in flow depth and a corresponding reduction in the mean flow velocity (in case of GVF). This results in non-uniform flow conditions, which extend up to approximately 1000 m upstream of the confluence point of the tributary, T 2 . These variations in the flow depth and the mean flow velocity result in reduced values of re-aeration coefficient (K R ) in the segment of the reach mentioned above. This leads to a consequent drop in the DO value at the 12th checkpoint (located at 56 km). Consequently, the optimal waste load allocation model results in an increased treatment effort at most of the point sources in case of GVF. It may be noted that although the flow non-uniformity increases the treatment effort and cost, its effect on equity is not definitive.
EFFECT OF NON-UNIFORMITY DUE TO DOWNSTREAM CONTROL STRUCTURE
Two sets of runs are made for the hypothetical river system in order to illustrate the effect of downstream control structure (such as a weir or barrage) on the additional treatment cost incurred and the change in equity experienced. Each set consists of runs for three different pre-specified DO standards of 6.0, 6.5 and 7.0 mg/l. The first set is made for the case of "With No Downstream Control Structure" (WNDCS) while the second set is for the case of "With Downstream Control Structure" (WDCS). In the first case, a normal depth of 1.78 m (corresponding to uniform flow conditions) was used in the transport simulator as the control depth at the downstream boundary. In the second case, it is assumed that construction of a control structure at the downstream boundary increases the flow depth at that location to 4.90 m, while not changing the flow rate on the upstream side. This significant increase in the flow depth at the downstream boundary causes considerable non-uniform flow conditions (over and above those induced due to tributary inflows) to occur on the upstream side of the structure. As a result, the self cleansing ability of the river gets reduced significantly, necessitating an increased effort in the treatment. The Pareto-optimal fronts that describe the cost-equity trade-offs for two prespecified DO standards of 6.0 and 7.0 mg/l are presented in Figures 8, and 9 , respectively. In each of these figures, one trade-off curve corresponds to the case of WNDCS, and the other corresponds to the case of WDCS. It may be observed from Figure 8 that for a DO standard of 6.0 mg/l, a larger range of Pareto-optimal solutions is obtained for the case of WDCS, compared to the case of WNDCS. On the other hand, it is observed from Figure 9 that for a higher DO standard of 7.0 mg/l, there is no significant difference in the range of Pareto-optimal solutions between WDCS and WNDCS.
Solution points corresponding to the Least Cost Solution (LCS), the Least Inequity Solution (LIES), and the Selected Compromise Solution (SCS) are presented in Table VIII . The corresponding vectors of optimal fraction removal levels, for the three pre-specified DO standards, are also summarized in this table. For the case of WNDCS, the non-uniform flow effect is due to the tributary inflows only. This non-uniform flow effect extends for only about one kilometer on the upstream side of the confluence of the second tributary, T 2 . Consequently, the lowering of DO value at the most critical checkpoint (chainage: 56 Km) due to non-uniformity is not significant. Therefore, the treatment effort required at the various point sources is also small (Table VIII) . Moreover, the DO value is seen to recover well over the downstream reaches. However, it may also be noted from Table VIII that for inequity to be minimized among the pollutant loaders, more treatment effort is to be spent and accordingly higher cost is to be expended. In the case of WDCS, the non-uniform flow effect is quite dominant since it is due to a downstream control structure and extends up to a distance of about 20 km upstream of the control structure. This increases the flow depth significantly, resulting in reduced values of re-aeration coefficient (K R ) in the reach. Consequently, the DO values are very much lower in this reach, and checkpoint 15 located at the downstream end (chainage: 90 km) becomes the most critical one, for the case of DO standard of 6.0 mg/l. As a result, significant amount of extra treatment effort (compared to the case of WNDCS) is expended at most of the upstream point sources.
A different scenario occurs when a higher DO standard of 7.0 mg/l is specified. In this case, the optimal treatment efforts required at all the four point sources are practically the same for both the cases WDCS and WNDCS (Table VIII) . It may be seen from Table VIII that for the case of DO standard of 7.0 mg/l, the most critical check point is located at 56 km, irrespective of whether there is a downstream control structure or not. The location of the most critical checkpoint depends on the recovery of DO in the reach between 56 and 90 km, and how it gets affected by the non-uniform flow conditions. An interesting point to be noted here is that for the case of DO standard of 7.0 mg/l, despite the presence of the control structure at the downstream end, the DO recovers reasonably and reaches above 7.40 mg/l at 90 km chainage. This is due to the high level of treatment done at the upstream point sources, which reduces de-oxygenation significantly. This reduction in de-oxygenation compensates somewhat the decrease in re-aeration on account of the non-uniform flow effect prevailing in the reach upstream of the control structure. Thus, whether more money has to be expended on treatment facilities, when a control structure is constructed across a river, depends on many factors such as the height of control structure, DO standard specified, and the assimilative capacity of the river. Answer to this question can be found out with the help of management tools such as the framework proposed in this paper.
Summary and Conclusions
In this study, the effects of non-uniform flow conditions occurring due to the tributary inflows and the presence of a downstream control structure (such as a weir or a barrage), on the optimal waste load allocation decision have been investigated. For this purpose, a typical cost-equity multi-objective optimization framework for optimal waste load allocation in rivers has been developed. This framework consists of an embedded river water quality simulator that has (i) a flow module, which simulates the gradually varied water surface profile and (ii) a pollutant transport module, which simulates the complete transport processes for the temporal and spatial variation of BOD and DO. The outer shell of the framework consists of the cost-equity multi-objective optimization model. The optimization problem is solved using an efficient multi-objective evolutionary algorithm.
The optimal fraction removal levels, the treatment cost and the system inequity measure are under predicted in certain reaches of the river, if the uniform flow assumption is made, while actually non-uniform flow conditions exist. This is due to an increase in flow depth and a reduction in the mean flow velocity, compared to the assumption of uniform flow conditions in the upstream reach. Consequently, the re-aeration is reduced in that reach and there is a reduction in the DO value. Results of this study indicate that this effect may not influence the waste load allocation decision-making significantly, if the non-uniformity is caused solely due to the tributary inflows. On the other hand, the same may be very pronounced when the flow non-uniformity results from a downstream control structure such as a weir.
